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Abstract 15 
 The potential of spatially resolved diffuse reflectance spectroscopy in the 500-1000 nm range by 16 
means of a fiber-optics probe was investigated for acquiring scattering and absorption properties of 17 
air dried apple rings subjected to different pre-treatment conditions: without osmo-dehydration 18 
(TQ) and with osmo-dehydration for 1 (OSMO1) and 3 hours (OSMO2). The fresh apple rings were 19 
produced from ‘Golden Delicious’ apples at harvest (H) and 5 month storage at 2 conditions: 20 
controlled atmosphere (CA) and normal atmosphere (NA). Microstructure properties of the dried 21 
apple rings were also obtained from X-ray micro-CT measurements. The TQ samples were found to 22 
have significantly higher scattering properties, thicker tissue, smaller pore sizes, were less crispy, and 23 
required higher snapping work or rupture energy than the OSMO1 and OSMO2 samples. On the 24 
other hand, no significant differences were observed between the scattering properties, 25 
microstructure, and textural quality of the OSMO1 and OSMO2 apple rings. From these results, it 26 
was concluded that there is a clear process-microstructure-quality relation in osmo-air-dried apples 27 
which can be measured non-destructively with spatially resolved diffuse reflectance spectroscopy. 28 
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Therefore, this study confirmed the potential of spatially resolved diffuse reflectance spectroscopy 29 
for non-destructive quality assessment of air-dried apple slices, which provides perspectives for 30 
drying process optimization.  31 
Keywords: spatially resolved spectroscopy, diffuse reflectance, scattering, absorption, osmo-air-32 
dried apple, texture 33 
1. Introduction 34 
Dried fruit is an important category of processed foods on the market with a worldwide annual 35 
production of 9.5×109 kg in 2012, which is 13% higher than the production in 2011 (International Nut 36 
and Dried Fruit Council, 2013). It has been demonstrated that food consumers demand that dried 37 
food products are not only nutritious, but also texturally tasty and flavoursome (Szczesniak, 1971). 38 
Therefore, textural quality, which can be related to the food microstructure, is one of the key 39 
determining factors for food consumers’ quality perception (Szczesniak and Kahn, 1971; Szczesniak, 40 
1972; Szczesniak, 2002). This texture-microstructure relation has, for example, been reported for 41 
confectionary (Decker & Ziegler, 2003), gelled systems (Borwankar, 1992; Barrangou, Drake, 42 
Daubert, & Foegeding, 2006), dried apples (Acevedo, Briones, Buera, & Aguilera, 2008), and aerated 43 
sugar gels (Herremans et al., 2013). In these works, microstructural or sensory properties of the 44 
studied food samples were clearly observed in good correlation with mechanical or rheological 45 
parameters usually considered as representing parameters for food texture quality. Besides its 46 
impact on the texture, food microstructure also has significant effects on the gas and heat transport 47 
in the food matrix and its nutritional, chemical, and microbiological stability (Aguilera, 2005; 48 
Mebatsion et al., 2008). 49 
Several researchers have investigated the effects of processing conditions on the microstructure 50 
of final food samples as observed by means of light or electron microscopy. Some example cases are 51 
sweet potato patties (Walter & Hoover, 1984), smoked Atlantic salmons 52 
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(Sigurgisladottir, Ingvarsdottir, Torrissen, Cardinal, & Hafsteinsson, 2000), high pressure processed 53 
fresh carrots (Araya et al., 2007), and frozen strawberry tissues (Van Buggenhout, Grauwet, Van 54 
Loey, & Hendrickx, 2008). Although the microscopy techniques are very valuable, they are 55 
destructive and involve considerable sample preparation time, and complex and expensive 56 
equipment. As a result, these techniques are mainly used for academic purposes, but rarely in a food 57 
industrial environment (Aguilera, 2005). Therefore, the food industry is demanding a fast, non-58 
destructive, and sufficiently accurate method for on-line or in-line food microstructure assessment 59 
which would allow optimizing the production processes to obtain a desired microstructure for the 60 
final food products.  61 
Optical measurement techniques have high potential here thanks to the fast and highly sensitive 62 
interaction of the propagating photons with the microstructure and chemical composition of the 63 
analysed samples. Inhomogeneities in the microstructure of the real food systems introduce spatial 64 
inhomogeneities in the refractive index, which consequently change the trajectories of the 65 
propagating photons being known as scattering phenomena. In addition to this, the intensity of the 66 
light also decays as a result of absorption of the photons by the spectrally active food components. 67 
This absorption is specific in the sense that photons will only be absorbed when their energy 68 
matches with the energy needed to excite the molecular vibration state. Therefore, spectroscopic 69 
measurements are usually performed at multiple wavelengths or over a certain wavelength range. 70 
These two main phenomena, scattering and absorption, together determine the intensity of the 71 
post-interacting or outgoing light. In a clear liquid the concentration can be directly estimated from 72 
the intensity ratio of the outgoing and incoming light (transmittance) by Beer’s law. However, in the 73 
case of turbid samples like food products this is not straightforward as transmittance measurements 74 
are very challenging and the intensity decay depends both on the scattering and absorption 75 
properties (Saeys, Velazco-Roa, Thennadil, Ramon, & Nicolaï, 2008).  76 
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Conventional Vis/NIR spectroscopy has also been utilized for non-destructive assessments of food 77 
quality attributes with some success in the last two decades thanks to the non-invasive interactions 78 
between the Vis/NIR light and the food matrices (Nicolaï et al., 2007; Huang, Yu, Xu, & Ying, 2008). 79 
Since food samples are usually turbid media in which the interactions between the propagating light 80 
and food matrices are influenced by both scattering and absorption phenomena, multivariate 81 
calibration models have been used to relate the measured spectroscopic data to the real food 82 
quality attributes. Since these multivariate calibration models are generally based on Beer’s law the 83 
effects of scattering phenomena on the post-interacting light should be reduced or minimized to 84 
improve the performance of the constructed calibration models (Martens & Næs, 1991). 85 
Consequently, conventional Vis/NIR spectroscopy usually discards scattering or microstructure 86 
information and has limited success in evaluating the quality attributes relating to food 87 
microstructure (Nicolaï et al., 2007). In this regard, novel or improved optical measurement 88 
techniques are essentially required for food microstructure assessments. 89 
As new approaches in biomedical research, multiple Vis/NIR spectroscopy measurements of the 90 
post-interacting light at difference spatial locations (spatially or space-resolved) or at various 91 
temporal incidents (time-resolved) have been extensively studied to separate the scattering and 92 
absorption information of the measured samples. As these measurements are typically done at 93 
multiple wavelengths, these methodologies are known as spatially-resolved reflectance 94 
spectroscopy (SRS) and time-resolved reflectance spectroscopy (TRS). Both techniques have been 95 
elaborated and identified as promising techniques in biomedical research for detection of 96 
abnormalities in human tissues related to changes in the microstructure and/or chemical 97 
composition (Tuchin, 2007; Tuchin, 2008). 98 
In the domain of food and agricultural products, TRS has been investigated for non-destructive 99 
evaluation of microstructural information or microstructure-relating quality attributes of fruit such 100 
as apples, pears, and nectarines (Cubeddu et al., 2001; Zerbini et al., 2002; Zerbini et al., 2006; 101 
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Nicolaï et al., 2008; Rizzolo et al., 2009). However, the high complexity and cost of the current TRS 102 
equipment hampers its uptake by the food industry. With SRS, measurements based on one moving 103 
optical fiber, multi-fiber probes, a hyperspectral camera or even a camera imaging at a single 104 
wavelength have been explored to assess microstructure-related attributes of meat, fruit and 105 
vegetables (Tu, Jancsók, Nicolaï, & De Baerdemaeker, 2000; Qin & Lu, 2008; Xia, Weaver, Gerrard, & 106 
Yao, 2008; Qin, Lu, & Peng, 2009; Romano, Argyropoulos, Nagle, Khan, & Müller, 2012; Itoh, De 107 
Baerdemaeker, Nguyen Do Trong, Wang, & Saeys, 2013; Nguyen Do Trong et al., 2013). However, in 108 
these researches the effect of processing conditions on the final microstructure of the samples was 109 
not taken into account.  110 
Recently, Herremans et al. (2013) demonstrated the potential of SRS for monitoring the effect of 111 
processing conditions on the microstructure, and related texture properties, of sugar foams. These 112 
promising results suggest that SRS could also be a useful technique for monitoring microstructure 113 
changes in more complex food matrices like fresh and dried fruit. Therefore, the potential of fiber-114 
probe SRS for detecting microstructure differences in dried apple rings caused by different 115 
processing conditions has been investigated in this study.  116 
2. Materials and methods 117 
2.1. Dried apple ring samples 118 
‘Golden Delicious’ apples 119 
One hundred fifty six ‘Golden Delicious’ apples were harvested at commercial maturity from an 120 
orchard in Laimburg (Bolzano province, Italy) and were transported to the laboratory in Milan, Italy. 121 
These apples were then sorted in ascending maturity according to descending values of absorption 122 
coefficient µa of chlorophyll at 670 nm measured by a TRS setup (Torricelli et al., 2008). The ranked 123 
apples were randomly distributed into 9 groups. This random selection aimed at creating groups of 124 
apples with almost the same distribution of maturity levels. Three groups, labelled as H groups, were 125 
processed and analysed directly after harvest. Each of these groups was given one of the 3 pre-126 
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treatment conditions (without osmotic dehydration and with osmotic dehydration for 1 or 3 hours) 127 
followed by air drying. Three other groups, noted as CA, were stored for 5 months in controlled 128 
atmosphere (+1 oC, 2 kPa O2 + 0.7 kPa CO2). The remaining 3 groups, noted as NA, were also kept at 129 
+1 oC under normal atmosphere for 5 months. After the storage period, the CA and NA groups were 130 
taken out of the storage place, equilibrated their internal temperature and subjected to the same 131 
pre-treatments (with and without osmotic dehydration) and air drying as the H groups. Before pre-132 
treatment, each apple fruit was cored and cut into a ring of 5 mm thickness for further use (pre-133 
treatment and drying).  134 
Pre-treatments of the apple rings 135 
Pre-treatment of the apple rings was carried out by osmo-dehydration at 3 levels: without osmo-136 
dehydration (noted as TQ), with osmo-dehydration (20 oC, atmospheric pressure) in sucrose solution 137 
(60 % w/w) for 1 hour (noted as OSMO1) and 3 hours (noted as OSMO2). During osmo-dehydration, 138 
the ring of each fruit was packed in a tulle bag and immersed in the sugar solution. The sucrose 139 
solution was re-circulated at a flow rate of 1.5 L/min by a pump. The ratio fruit : solution was 1:3.  140 
After osmo-dehydration, the apple rings were taken out of the sucrose solution, drained, rinsed 141 
gently with water and covered by adsorbent paper for a few minutes to remove excess water. These 142 
osmo-dehydrated rings (OSMO1 and OSMO2) and the rings without osmo-dehydration treatment 143 
(TQ) were all subjected to air drying. 144 
Air drying 145 
The apple rings (OSMO1, OSMO2, and TQ) were dried by air flow (80 oC dry bulb, atmospheric 146 
pressure, 1.5 m/s speed) in a pilot alternate upward-downward air circulated drier until constant 147 
weight: when the difference in weight of the ring was less than 1 mg/g solids after 90 additional 148 
minutes of drying. 149 
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Eventually, 9 groups of osmo-air-dried apple rings were produced: at harvest (H-TQ, H-OSMO1, 150 
H-OSMO2), CA storage (CA-TQ, CA-OSMO1, CA-OSMO2), and NA storage (NA-TQ, NA-OSMO1, NA-151 
OSMO2). The dried apple ring produced from each fresh apple after pre-treatment and air drying 152 
was first kept at CRA-IAA, Milan, Italy for destructive quality assessment, and then it was carefully 153 
packed in a plastic bag and sent to KU Leuven, Belgium for spatially resolved diffuse reflectance and 154 
X-ray micro-CT measurements. 155 
2.2.  SRS Setup 156 
2.2.1. Setup description 157 
The setup for SRS measurements in the range 500-1000 nm used in this research is the same as 158 
the one described by Nguyen Do Trong et al. (2013) and Herremans et al. (2013), and is 159 
schematically illustrated in Figure 1. It basically consisted of a halogen light source, a fiber-optics 160 
sensing probe integrating one illumination fiber and five detection fibers, a spectrograph, a camera, 161 
and a computer with a data acquisition device. In brief, Vis/NIR light from an AvaLight-DHc halogen 162 
lamp (Avantes, Eerbeek, The Netherlands) was delivered through an optical fiber to illuminate the 163 
sample. Five detection fibers collected diffuse reflected light at different source-detector distances 164 
ranging from 0.3 to 1.2 mm. All the fibers (Thorlabs, USA) having a core diameter of 200 m were all 165 
integrated inside a stainless steel sensing probe. The five detection fibers guided the diffuse 166 
reflected light into a spectrograph (Horiba Jobin-Yvon, New Jersey, USA) which splitted the light 167 
from each of these fibers into its spectral components and projected these onto a Hamamatsu 168 
C7041 CCD camera (Hamamatsu, Louvain-La-Neuve, Belgium). Controlling of the SRS setup and data 169 
acquisition were performed by a LabView program (LabView 8.5, National Instruments, Texas, USA) 170 
developed in the lab. 171 
 172 
Position of Figure 1 173 
 174 
8 
 
2.2.2. Setup calibration and measurement 175 
Wavelength calibration linked each pixel on the spectral dimension of the CCD camera to its 176 
corresponding waveband and was described in detail by Herremans et al. (2013). The relative diffuse 177 
reflectance spectra of the detection fibers from a measured sample were obtained as the ratios of 178 
the dark-corrected intensities acquired for that sample to the dark-corrected intensities collected in 179 
an integrating sphere (50 mm diameter, Avantes, Eerbeek, The Netherlands). Thanks to the highly 180 
diffuse reflectance of the sphere (reflecting more than 98 % lights in the range 400-1000 nm) the 181 
measured signals were compensated for dark noises, variations in the light source intensity, 182 
differences in efficiencies of different pixels of the camera and differences in efficiencies of the 183 
detection fibers. 184 
2.2.3. Estimation of optical properties from SRS measurements 185 
Thirty six optical liquid phantoms with known optical properties were prepared to calibrate the 186 
SRS measurements and to validate the procedure for estimation of optical properties. These liquid 187 
phantoms were aqueous mixtures of intralipid 20% (Fresenius Kabi, Sweden) serving as scatterers 188 
and Indian ink (Chartpak Inc., USA) acting as absorber in the 500 – 1000 nm range. Optical properties 189 
of these phantoms were determined as reported in Nguyen Do Trong et al. (2012) and covered a 190 
wide range of optical properties for food and agricultural products (µa = 0.001 – 2.6 cm
-1; µs’ = 5.7 – 191 
135.3 cm-1). A metamodelling method (Couckuyt, Forrester, Gorissen, De Turck, & Dhaene, 2012) 192 
was then developed to relate the measured SRS data of the phantoms to the corresponding 193 
reference optical properties. In this approach, Stochastic Kriging was used to build a metamodel 194 
relating the acquired SRS profiles for the liquid phantoms (output) to their reference optical 195 
properties (input). Five calibration metamodels were constructed, one for each of the five detection 196 
fibers. 197 
Kriging is a popular technique to approximate deterministic noise-free data. It has been originally 198 
conceived as a geostatistical estimator that estimates the value for an unobserved location, by using 199 
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samples from different locations surrounding it (e.g. the elevation, z, of a landscape as a function of 200 
the geographic location). Kriging is based on the idea that the value at an unknown point should be 201 
the average of the known values at its neighbours – weighted by the neighbours’ distance to the 202 
unknown point (Sacks, Welch, Mitchell, & Wynn, 1989). While the interpolation properties of the 203 
Kriging methodology are advantageous for many deterministic simulation problems, it could 204 
produce undesirable results when dealing with stochastic simulations. Stochastic Kriging (Staum, 205 
2009) has, therefore, been suggested as an extension of Kriging for approximation instead of 206 
interpolation for stochastic phenomena. 207 
The metamodel construction was implemented in the ooDACE toolbox (Couckuyt, Forrester, 208 
Gorissen, De Turck, & Dhaene, 2012) which is a versatile Matlab toolbox that implements Stochastic 209 
Kriging. For each liquid phantom, SRS measurement had been repeated 9 times to provide 210 
estimations of the measurement noise as a function of the optical properties. The toolbox used the 211 
mean diffuse reflectance values of the detection fibers and the intrinsic covariance matrix, 212 
representing the variance of the output values. Initially, a first set of Kriging models was constructed 213 
using an initial set of candidate features. These candidates were then ranked using a Bayesian 214 
variable selection method. In the next step, a new promising feature was incorporated into the 215 
Kriging model, after which the new Kriging model was scored according to the leave-one-out-cross-216 
validation prediction error. This process was repeated until the accuracy of the Kriging model 217 
stopped improving (Couckuyt, Forrester, Gorissen, De Turck, & Dhaene, 2012) and the final 218 
metamodel was acquired. 219 
To estimate optical properties of a new sample in inverse procedure, a Nelder-Mead optimization 220 
algorithm was employed to iteratively estimate the optical properties of a sample by matching the 221 
spatially resolved diffuse reflectance profiles simulated with the metamodel to the acquired ones. All 222 
these calculations were performed in Matlab (version 7.10, The MathWorks Inc., Natick, USA). 223 
10 
 
To test the performance of this metamodelling method, one phantom (validation phantom) was 224 
left out of the phantom set and the remaining 35 phantoms were used for constructing the 225 
calibration metamodel. These acquired calibration metamodels were then employed to estimate the 226 
optical properties of the validation phantom by using its measured spatially resolved diffuse 227 
reflectance profiles in the inverse estimation procedure. The accuracy of the optical properties 228 
estimation was then evaluated by comparing the estimated optical properties for this validation 229 
phantom with the reference optical properties. In this study, 16 phantoms covering the range of 230 
optical properties expected for the dried apples were selected and used one by one in the 16 231 
validation steps. The estimation errors for the 16 validation phantoms were then combined to 232 
quantify the average prediction performance for the absorption coefficient µa and reduced 233 
scattering coefficient µs’. The average prediction error was calculated by taking the root of the mean 234 
of the squared differences between the predicted and actual optical properties for all the validation 235 
phantoms, noted as RMSECV (Root Mean Squared Error of Cross-Validation). 236 
After this evaluation of the prediction performance in cross-validation, a global calibration 237 
metamodel was constructed based on all 36 liquid phantoms. This metamodel was then 238 
incorporated in the inverse estimation procedure to estimate the optical properties of the dried 239 
apple samples from the acquired SRS data. 240 
2.3.  SRS measurements  241 
The fiber-optics probe was randomly placed at five positions on each dried apple ring to acquire 242 
SRS data. These five positions were selectively kept away from the inner and outer boundary of the 243 
ring (≥ 5mm) to avoid any possible effects of the ring edges. At each measured position, four scans 244 
were implemented and averaged. The profiles measured at the five locations on each apple ring 245 
were averaged and the resulting SRS data were used to determine the optical properties of that ring. 246 
The wavelength region from 590 to 1000 nm which had high signal-to-noise light intensities was 247 
used in the further analyses (reflectance calculation, optical properties estimation). 248 
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2.4.  Reference microstructure measurements  249 
The microstructure of selected dried apple samples was imaged by means of X-ray micro-CT. The 250 
most contrasting pre-treatments for drying within NA samples (NA-TQ and NA-OSMO2) were 251 
selected for the experiment. Within each group, samples of 4 fruit rings were scanned. Using a cork 252 
borer, small cylindrical samples (3 mm diameter) were excised from the dried apple, approximately 5 253 
mm from the peel, excluding regions in which vascular tissue could be discerned visually. The 254 
thickness of the apple slices was not altered when preparing the samples. The samples were 255 
mounted on the rotating holder and stabilized using parafilm. X-ray micro-CT measurements were 256 
performed on a SkyScan 1172 system (Bruker microCT, Kontich, Belgium), operated at 55 keV source 257 
voltage and 181 µA current and with an isotropic image pixel resolution of 2.44 µm. The samples 258 
were rotated in 0.35° steps over a total of 180°, each time averaging 3 frames to acquire a 259 
radiographic image of 1048 by 2000 pixels. The time to obtain all images for the 3D scan was 29 260 
minutes per sample. The projection images were loaded into dedicated software (NRecon1.6.3.2, 261 
Bruker microCT, Kontich, Belgium) to reconstruct virtual cross-sections of the sample. This resulted 262 
in a 3D greyscale data stack, digitized to 880 slices of 2000 by 2000 pixels. The images were 263 
smoothed by a Gaussian smoothing kernel, and corrected for rings and beam hardening, which are 264 
common artefacts in X-ray CT images. For image analysis a cylindrical volume of interest (diameter 265 
2.5 mm) was cropped centrally in the imaged volume to exclude interference with the excised 266 
borders of the sample. The remaining volume for analysis measured 5.4 mm3. The images were 267 
filtered in 3D space using a median filter with filter radius of 2 pixels. Otsu’s algorithm (Otsu, 1979) 268 
was applied for binarizing the image by separating two peaks in the greyscale frequency distribution: 269 
pixels with lower intensities than the Otsu threshold were assigned to the background (air) and 270 
pixels with a higher intensity than the threshold were assigned to the apple tissue material. 271 
Individual 3D objects smaller than 27 voxels were considered to be noise and were filtered out of the 272 
datastack. Morphometric parameters describing the microstructure were calculated on the 3D data 273 
using CTAn v.1.12.0.0 (Bruker microCT, Kontich, Belgium). Porosity was calculated as the fraction of 274 
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segmented air pixels to the total amount of pixels in the analysed dataset. For the analysis of pore 275 
and (dehydrated) tissue thicknesses, the corresponding binary images were thinned until a 276 
skeletonized representation of the medial axes was obtained (Hildebrand & Ruegsegger, 1997). 277 
Next, a sphere was fitted on every pixel of the skeleton until the boundary of the material was 278 
reached. The diameters of the fitted spheres give information on the local thicknesses of the 279 
microstructural features. 280 
2.5.  Destructive quality assessment 281 
Textural quality measurements 282 
Textural quality attributes of the dried apple rings were measured by a TA-XT plus Texture 283 
Analyser (Stable Micro Systems, UK) through bending-snapping tests fitted with a 50 N load cell and 284 
using the HDP/3PB Three Point Bending Rig. The lower supporting blades were separated at a 285 
distance of 45 mm, and the compressing blade was driven down between the two supports at a 286 
speed of 0.17 mm/s, bending each apple ring until it snapped. From the force/displacement curve, 287 
the following parameters were acquired for that apple ring: 288 
 Hardness (N): maximum force at break 289 
 Total Area (N.mm or mJ): work required to snap the ring (Snapping Work or Rupture 290 
Energy) 291 
 Crispness Index (MPa): computed according to the following formula (Farris, Gobbi, 292 
Torreggiani, & Piergiovanni, 2008): 293 
  (Eq. 1) 294 
Where: 295 
L (m):   support separation 296 
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(XH-XL)/L  (N/m):  stiffness (slope) with XH end of E-modulus determination, XL beginning of E-297 
modulus determination and ΔL flexure between XH and XL 298 
 do (m):   ring outer diameter 299 
 di (m):   ring inner diameter 300 
Browning Index (BI) 301 
The colour of each dried apple ring was measured at 2 opposite sides by means of a CM-2600D 302 
colorimeter (Konica Minolta Inc., Japan) using the primary illuminant D65 and 10° observer in the 303 
L*a*b*colour space. Acquired values of L, a, and b were averaged for each ring. 304 
The Browning Index (BI) indicates the purity of brown colour of the dried apple ring and was 305 
computed according to the following formula (Askari, Emam-Djomeh, & Mousavi, 2008): 306 
        (Eq. 2) 307 
Where: 308 
     (Eq. 3) 309 
Statistical Analysis 310 
Two-way analysis of variance (ANOVA) was implemented to investigate the effects of processing 311 
and storage conditions on the quality attributes of the dried apple samples. Apart from processing 312 
also storage conditions and the interaction between both were significant. The differences of the 313 
quality attributes among sample groups of the same storage conditions at 95% significance level was 314 
established by using one-way analysis of variance and Tukey’s honest multiple comparisons by 315 
means of SAS Enterprise Guide (SAS Institute Inc., USA). 316 
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3. Results and discussion 317 
3.1. Dried apple quality attributes 318 
The average values and standard deviations of the quality parameters (Hardness, Crispness, 319 
Snapping Work, and Browning Index) of the dried apple rings as measured with the reference 320 
methods are presented in Table 1. 321 
 322 
Position of Table 1 323 
 324 
It can be seen from Table 1, that at all storage conditions (H, CA, and NA) the apple rings which 325 
had been subjected to osmo-dehydration prior to the air-drying are crispier, as indicated by the 326 
higher Crispness Index, than the ones without osmo-dehydration. The crispness is highest for the 327 
OSMO2 rings which had been subjected to a longer osmo-dehydration time. Moreover, the TQ rings 328 
(without osmo-dehydration) required significantly larger Snapping Work or efforts for mastication as 329 
compared to the OSMO1 and OSMO2 rings. On the other hand, only the difference in Hardness 330 
among the H-TQ and H-OSMO2 groups was significant. The Browning Index was significantly higher 331 
for the TQ rings obtained from NA and CA storages, which indicates that the apple rings without 332 
osmo-dehydration had a darker brown colour than the ones with osmo-dehydration. 333 
In general, the texture quality and appearance (colour) of the dried apple rings which had been 334 
subjected to osmo-dehydration (OSMO1 and OSMO2) can be considered better than that of the 335 
rings without osmo-dehydration (TQ). On average, the OSMO2 samples, which had been subjected 336 
longer to osmo-dehydration (3h vs. 1h) were crispier than the OSMO1 samples. 337 
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3.2. Microstructure 338 
The X-ray CT images illustrated in Figure 2 offer a detailed insight in the 3D microstructure of the  339 
scanned samples. The dried apple samples clearly have a highly porous structure as a large number 340 
of irregular black pores is present in between the complex tissue network.  341 
 342 
Position of Figure 2 343 
 344 
The representative morphometric parameters (porosity, dehydrated tissue and pore thicknesses) 345 
describing the apple ring microstructure calculated on the 3D data are presented in Table 2. 346 
 347 
Position of Table 2 348 
 349 
As can be seen from Table 2, the pre-treatment of the apple slices by osmo-dehydration prior to 350 
air drying resulted in significantly different microstructural characteristics for the dried apple 351 
samples. The porosity of the NA-OSMO2 samples is significantly higher than the porosity of the NA-352 
TQ ones. This is also reflected in the different average thicknesses of the tissue as well. The tissues of 353 
TQ samples are also thicker than those of OSMO2 samples. Average pore space diameters (pore 354 
thicknesses) are significantly larger for OSMO2 samples as compared to those for TQ samples. 355 
3.3. SRS 356 
The SRS spectra in the 590-1000 nm range of one H-TQ apple ring are illustrated in Figure 3. 357 
 358 
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Position of Figure 3 359 
 360 
In Figure 3, the z-axis is the relative reflectance calculated by using an integrating sphere as a 361 
reference as described in section 2.2.2. Fiber 1 is the closest detection fiber and fiber 5 is the 362 
furthest one from the illumination point. The diffuse reflectance spectrum of each detection fiber 363 
shows an increasing trend in the beginning which flattens out at higher wavelengths. This is due to 364 
the absorption of the colour pigments in the apple rings as evidenced visually by their colour 365 
appearance or Browning Index. The small valley at 670 nm which can be seen in several spectra 366 
indicates the presence of chlorophyll in the dried apple flesh. At each wavelength, the diffuse 367 
reflectance values decrease with increasing source-detector distance or fiber position. This can be 368 
explained by the fact that light exiting the sample at a larger distance from the incident light beam 369 
has travelled a longer path through the sample and thus has had more chance to be absorbed or 370 
scattered. In comparison to fresh apple tissue (Nguyen Do Trong, et al., 2013), there is no clear 371 
absorption peak of water at 970 nm. This could have been expected as there is only very little water 372 
left in the tissue after air drying until constant weight. 373 
3.4. Validation of the optical properties estimation on liquid phantoms 374 
In Figure 4 the predicted optical properties (absorption coefficient µa and reduced scattering 375 
coefficient µs’) of the 16 validation phantoms are plotted against their reference values.  376 
 377 
Position of Figure 4 378 
 379 
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In Figure 4, a very good prediction performance can be observed with R2 values of 0.968 and 380 
0.978, respectively for the absorption coefficient µa and reduced scattering coefficient µs’ values. 381 
Moreover, the mean prediction errors RMSECV (Root Mean Squared Error of Cross-Validation) are 382 
approximately 0.1 cm-1 for µa and 3.9 cm
-1 for µs’. In the wavelength range below 80 cm
-1, the 383 
predicted reduced scattering coefficient µs’ are quite close to the measured ones. Beyond 80 cm
-1, 384 
some deviations can be observed. A possible explanation for these deviations could be that the 385 
scattering in the liquid phantoms with higher intralipid concentrations is no longer independent. In 386 
this study we considered a linear relation between the intralipid concentration and the scattering 387 
coefficient values, but it has been shown that this relation may become nonlinear for higher 388 
intralipid concentrations due to dependent scattering  (Zaccanti, Del Bianco, & Martelli, 2003). 389 
Further research would be needed to confirm this hypothesis. However, the prediction errors are 390 
sufficiently small as compared to the average reference values of µa (1.0 cm
-1) and µs’ (38.7 cm
-1) in 391 
the validation set to conclude that this approach is useful for deriving the optical properties of the 392 
dried apple rings from the acquired spatially resolved diffuse reflectance spectra. 393 
3.5.  Optical properties of dried apples 394 
The estimated optical properties (absorption coefficient µa and reduced scattering coefficient µs’) 395 
spectra of the apple rings are illustrated in Figure 5.  396 
 397 
Position of Figure 5 398 
 399 
As can be seen from Figure 5, the reduced scattering coefficients µs’ of the TQ apple rings in the 400 
700-1000 nm range are significantly higher than those of the OSMO1 and OSMO2 groups under the 401 
considered confidence intervals for all the storage conditions (H, CA and NA). Although the reduced 402 
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scattering coefficient µs’ values for the OSMO1 group in this range are clearly higher than those for 403 
the OSMO2 group, this difference was not significant. All the scattering profiles exhibit a decreasing 404 
trend with increasing wavelength in the 590-700 nm range. It should be noted here that the 405 
estimated scattering information in the 590-700 nm range may be less reliable than in the 700-1000 406 
nm range as the prediction error of the inverse metamodelling approach presented in Figure 4 (b) 407 
was higher for the higher scattering values. For this reason, the further interpretation of the 408 
scattering information and comparison to the microstructure and textural quality attributes of the 409 
apple rings was limited to the 700-1000 nm range. 410 
The absorption coefficient µa
 values of the apple rings show a monotonous decreasing trend until 411 
700 nm after which they remain quite constant and are of small values (Figure 5). For all samples 412 
slight deviations can be observed at 670 nm, indicating the presence of chlorophyll. The higher 413 
absorption values before 670 nm could be related to the formation of chromophores (e.g., 414 
melanoidins through Maillard reactions) during the air drying process. These observations are in 415 
good agreement with the appearance colour of the apple rings and the acquired SRS profiles as 416 
observed in Figure 3. The absorption coefficient µa
 values before 700 nm of TQ apple rings which had 417 
not been pre-treated by osmo-dehydration are significantly higher than those of the OSMO1 and 418 
OSMO2 groups pre-treated by osmo-dehydration under the considered confidence intervals (data 419 
not shown). These are also reflected in the significant higher Browning Index (BI) values of the TQ 420 
apple rings as compared to the OSMO1 and OSMO2 rings (Table 1).  The observed differences in µa 421 
values between the OSMO1 and OSMO2 groups were not significant.  422 
3.6. Optical properties-microstructure-texture relations 423 
Further investigation of the scattering information, microstructure, and textural quality attributes 424 
(Hardness, Crispness Index, and Snapping Work) reveals some interesting relations among them. The 425 
apple rings which had not been pre-treated by osmo-dehydration prior to air drying (TQ group) had 426 
less porosity, thicker tissue, and smaller pore sizes than the ones with osmo-dehydration (OSMO2 427 
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group) (Table 2), which consequently made them less crispy and required more rupture energy 428 
during mastication than the osmo-dehydrated apple rings (Table 1). However, the osmo-dehydrated 429 
apple rings still had comparable Hardness as compared to the ones without osmo-dehydration, 430 
which would give positive contributions to the consumers’ perception during the chewing process. 431 
Because of the thicker tissue and smaller pore sizes (Table 2), the TQ apple rings consequently had 432 
more interfaces resulting in a refractive index mismatch (e.g., air pore-tissue, cell-cell regions within 433 
the tissues, intercellular medium-cell compartments…) than the OSMO2 rings. This resulted in higher 434 
scattering coefficient values µs’ for the TQ groups as compared to the OSMO2 groups (Figure 5). A 435 
clear relation between process conditions, microstructure and textural quality has thus been 436 
observed, which is consequently reflected in the scattering coefficient values obtained with SRS.  437 
4. Conclusions 438 
Fresh apple rings from ‘Golden Delicious’ apples at harvest (H) and after five months of storage 439 
under controlled atmosphere (CA) and normal atmosphere (NA) conditions were subjected to 3 440 
different pre-treatments: without osmo-dehydration (TQ) and with osmo-dehydration for 1 hour 441 
(OSMO1) and 3 hours (OSMO2). All the pre-treated apple rings were then air dried until constant 442 
weight. Diffuse reflectance measurements by SRS in the 500-1000 nm range, microstructure 443 
measurements by X-ray micro-CT technique, and destructive reference measurements for texture 444 
and appearance quality attributes were carried out on these samples. The estimated optical 445 
properties (reduced scattering coefficient µs’ and absorption coefficient µa) of the air dried apple 446 
rings from SRS measurements exhibited strong relations with the microstructural information and 447 
the quality parameters from destructive measurements. For all storage conditions (H, CA, and NA), 448 
the TQ apple rings (without osmo-dehydration) had higher scattering, thicker tissue, smaller pore 449 
sizes, were less crispy, and required larger snapping efforts than the OSMO1 and OSMO2 apple rings 450 
(with osmo-dehydration). Moreover, the TQ ring samples also had higher absorption coefficient µa 451 
than the osmo-air-dried ones (OSMO1 and OSMO2), in agreement with their higher Browning Index. 452 
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The observed differences in scattering properties and textural quality (Crispness and Snapping Work) 453 
of the OSMO1 and OSMO2 apple rings were, however, not significant. 454 
It can thus be concluded that there is a clear relation between processing conditions and 455 
microstructure and textural quality in dried apples, which is consequently reflected in the scattering 456 
coefficient values obtained with SRS. As this technique is fast, non-destructive and does not require 457 
sample preparation, it has potential for on-line monitoring of the microstructure of dried apple rings 458 
and more general for drying process optimization.    459 
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Table 1. Reference quality attributes of the dried apple rings. Reported values are mean ± standard deviation (n = 
20 for H groups and n = 16 for CA, NA groups). Different letters in each storage condition indicate significant 
difference at p ≤ 0.05; symbol * indicates significant difference at p ≤ 0.1. 
Sample Hardness (N) Crispness Index (MPa) Snapping Work (mJ) Browning Index (BI) 
H-OSMO1 3.1 ± 1.2a,b 61.8 ± 53.9a 1.4 ± 1.0a 62.6 ± 8.6a 
H-OSMO2 4.0 ± 1.2b 155.9 ± 99.9b 1.4 ± 0.7a 64.0 ± 7.3a,b 
H-TQ 2.9 ± 1.3a 20.1 ± 13.6a 3.8 ± 1.7b 68.8 ± 4.6b 
CA-OSMO1 7.7 ± 1.6 375.8 ± 179.9b 3.3 ± 2.0a 66.9 ± 7.8a 
CA-OSMO2 8.5 ± 2.2 376.9 ± 150.9b 3.9 ± 1.2a 63.6 ± 5.4a 
CA-TQ 7.4 ± 2.3 159.9 ± 77.7a 6.2 ± 2.7b 84.8 ± 7.0b 
NA-OSMO1 7.5 ± 1.8 247.5 ± 89.4b 3.9 ± 1.1a 63.5 ± 7.2a 
NA-OSMO2 8.0 ± 1.7 297.6 ± 111.7b 3.8 ± 1.2a* 61.1 ± 7.7a 
NA-TQ 7.5 ± 1.8 127.2 ± 53.9a 5.0 ± 1.8a* 73.4 ± 5.9b 
 
 
Table 2. Microstructural information of the dried apple rings (NA-OSMO2 and NA-TQ). Reported results are mean ± 
standard deviation (n = 4). Different letters indicate significant difference at p ≤ 0.1. 
Sample Group Porosity (%) Tissue thickness (µm) Pore thickness (µm) 
NA-OSMO2 82.0 ± 1.6b 20.5 ± 0.4a 134.1 ± 18.1b 
NA-TQ 77.8 ± 1.1a 23.3 ± 1.1b 101.9 ± 6.2a  
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